Malaria affects about half of the world's population, with the vast majority of cases occuring in Africa. National malaria control programmes aim to reduce the burden of malaria and its negative, socioeconomic effects by using various control strategies (e.g. vector control, environmental management and case tracking). Vector control is the most effective transmission prevention strategy, while environmental factors are the key parameters affecting transmission. Geographic information systems (GIS), earth observation (EO) and spatial modelling are increasingly being recognised as valuable tools for effective management and malaria vector control. Issues previously inhibiting the use of EO in epidemiology and malaria control such as poor satellite sensor performance, high costs and long turnaround times, have since been resolved through modern technology. The core goal of this study was to develop and implement the capabilities of EO data for national malaria control programmes in South Africa, Swaziland and Mozambique. High-and very high resolution (HR and VHR) land cover and wetland maps were generated for the identification of potential vector habitats and human activities, as well as geoinformation on distance to wetlands for malaria risk modelling, population density maps, habitat foci maps and VHR household maps. These products were further used for modelling malaria incidence and the analysis of environmental factors that favour vector breeding. Geoproducts were also transferred to the staff of national malaria control programmes in seven African countries to demonstrate how EO data and GIS can support vector control strategy planning and monitoring. The transferred EO products support better epidemiological understanding of environmental factors related to malaria transmission, and allow for spatio-temporal targeting of malaria control interventions, thereby improving the cost-effectiveness of interventions.
Introduction
There is a vital need for new strategies and innovative health-related monitoring approaches that support the reduction of the burden of environmentally related diseases such as malaria and related negative, socio-economic effects. According to the World Health Organization (WHO), malaria is currently endemic in more than 100 countries worldwide, affects about half of the world's population, and sees the largest number of cases reported in Africa (WHO, 2013b) . Each year, approximately 220 million cases and 650 thousands deaths are reported (WHO, 2012b) . In Africa, the highly efficient Anopheles gambiae mosquito is the dominant vector of Plasmodium falciparum, the most dangerous of the four human malaria parasites. Besides the serious situation it poses for the infected individual, malaria has far-reaching impacts on both the private and the public healthcare sector, which ultimately impede the economic development of countries or regions. In addition, increased travel and migration have caused many imported cases outside of endemic areas. For instance, over 100,000 imported malaria cases have been reported in Europe in the last 10 years by travellers and immigrants, and even local transmission from imported cases has been reported (WHO, 2012a) . Malaria is influenced strongly by the environment, since the mosquito vector requires specific habitats with sufficient surface water for reproduction, a certain humidity level for adult mosquito survival and temperatures which influence the development rates of both the vector and the parasite (Ceccato et al., 2005) . The area affected by and intensity of malaria depend on vector abundance, the control of which is a basic technical element of the global disease control strategy (WHO, 2013a) .
Several factors that render an area attractive to mosquitoes, such as proximity to water bodies, land use and land cover (LULC), house structures and even human behavioural patterns, can be derived from remote sensing applications. Earth observation (EO) can be used for the surveillance, monitoring and early warning of diseases closely associated with environmental conditions. Remotely sensed images holding information on climatic conditions are powerful predictors of vector distribution patterns and their average malaria parasite transmission level (Rogers et al., 2002) . In epidemiology, the link between physical measurements of reflected radiation and measures of a disease, vector or intermediate host, has already been established via logical sequences (Crombie et al., 1999; Curran et al., 2000) . Remote sensing has been used to associate LULC types with vector habitats based on simple classification techniques, as well as complex statistical models linking satellite-derived meteorological and EO data with vector biology and abundance (Kalluri et al., 2007; Guerra et al., 2008) . Environmental factors such as land cover, vegetation green-up, permanent water, wetlands, soil moisture and human settlements have a strong influence on malaria patterns (Beck et al., 2000; Tatem et al., 2004; Zeilhofer et al., 2007; Dambach et al., 2009) .
Interdisciplinary research over the last decades resulted in a better understanding of the social and economic dimensions of malaria and facilitated new research into and development of tools leading to advances in vector control. Building on this knowledge, there is now a vital need for new monitoring capabilities that directly support disease control and reduce the burden of environmental related diseases in vulnerable countries. An area where Anopheles sustains the basic reproductive rate required for malaria transmission is called an active focus. Areas within the focus that exceed the average transmission intensity are known as hotspots. According to Bousema et al. (2012) , the identification and targeting of such foci and hotspots form the cornerstone of successful malaria control and elimination, while disease modellingcombining environmental data with population data and malaria case data -is excellent for defining malaria transmission foci. However, the spatial scale of these foci is often not sufficient to detect malaria transmission hotspots (Bejon et al., 2010 , Bousema et al., 2010 . In the past, the suitability of EO data in spatial and temporal disease pattern studies was restricted by the data's low spatial resolution, high costs and long turnaround times for products. Beck et al. (2000) indicate that new sensors fulfill the spatial and temporal requirements needed to make remote sensing a functional tool in disease surveillance and control. Ceccato et al. (2002) reviewed the capabilities of remote sensing and later stated that The time is ripe for the wealth of research knowledge and products from developed countries be made available to the decision-makers in malarious regions of the globe where this information is urgently needed (Ceccato et al., 2005) .
A primary objective of the present study was to explore the potential of current satellites and to add value to existing disease-related EO approaches by using high-resolution (HR) and very high resolution (VHR) imagery not used thus far for vector control and epidemiological studies. MALAREO, a research project partly funded by the European Commission under the seventh framework programme (FP7), aimed to assess the benefits of new EO monitoring capabilities, enhancing disease control strategies, reducing disease control costs, providing reliable decision support information and supporting sustainable disease elimination. In cooperation with the national malaria control programmes (NMCPs) of South Africa, Swaziland and Mozambique, EObased geo-information products have been developed that directly support malaria control interventions and epidemiological research in these countries. The MALAREO approach made use of HR and VHR satellite sensors for generating geo-products with the spatial and thematic detail required for detailed and reliable decision support. This article describes the technical details of the developed EO-based geoinformation and the methodologies applied to generate the EO-products that support the work of the NMCPs (MALAREO partner) in southern Africa.
Materials and Methods

Study area
The MALAREO study area (about 40,000 km 2 ) is located in southern Africa and covers southern Mozambique, eastern Swaziland and the part of KwaZulu-Natal affected by malaria in South Africa (Figure 1 ). It is located at the fringe of the malaria transmission area and contains endemic and epidemic malaria areas. The three countries are in different stages of malaria elimination and have therefore different requirements regarding monitoring disease risk and its related environmental factors. Cross-border migration causes a considerable amount of imported cases that can result in new outbreaks and local cases. An important influence in the study area is the Lubombo Spatial Development Initiative (LSDI), which includes a cross-border malaria control program, jointly implemented by Mozambique, South Africa and Swaziland. A significant reduction in parasite prevalence among the human population, vector density and sporozoite positivity rates have been documented following the launch of the comprehensive malaria control program (Sharp et al., 2007) . Recently, funding by LSDI was suspended in Mozambique, which will likely affect its malaria control substantially.
Mozambique
Malaria is a major cause of morbidity and mortality in Mozambique. According to the Ministry of Health, estimated prevalence in two-to nine-year-olds varies from 40 to 80% (MISAU, 2011) . Malaria is endemic and climate favours its transmission throughout the year, with a peak after the rainy season. The NMCP, with its current remit, was established in 1982. Mozambique is currently at the malaria-control stage.
South Africa
Regions affected by malaria include the eastern parts of Limpopo and Mpumalanga province, and the northeastern part of KwaZuluNatal. Malaria transmission is spatially variable and seasonal, peaking in the warm and rainy summer months. The South African Government and the Southern African Development Community (SADC) have supported intensive malaria control activities over many decades (Balfour, 2002) , and succeeded in halting transmission in most of the country, but malaria remains endemic in the study area. South Africa is currently at the malaria pre-elimination stage and continued support is required to steer its malaria elimination objectives (Moonasar et al., 2012) . Swaziland's national malaria burden has been greatly reduced, with laboratory-confirmed cases decreasing from 3.9 to 0.07 cases per 1000 individuals between 1999 and 2009 (Kunene et al., 2011) . This reduction has been attributed to the recent scale-up of vector control activities in the at-risk region and in areas associated with the cross-border collaboration with Mozambique and South Africa. Recognizing Swaziland's success, the SADC and the African Union forecasted that Swaziland will reach malaria elimination by 2015 (African Union, 2007) . Swaziland is currently at the malaria elimination stage. A location-based malaria case tracking system, employing global positioning systems (GPS), was introduced by the NMCP and has been active since 2010.
Data
Many HR sensors can be used to monitor LULC change, for example, to discriminate perennial and transient water bodies and wetlands or identify human activities. HR instruments such as RapidEye (http://blackbridge.com/rapideye/), SPOT (http://www.geo-airbusds.
com/en/143-spot-satellite-imagery) and FORMOSAT-2 (http://www.geoairbusds.com/en/160-formosat-2) have the advantage of a wide swath width and thus large area coverage. In the context of house detection when identifying human settlements, VHR instruments allow feature mapping in great spatial detail. However, these VHR data are costintensive, limitating their suitability for malaria control. MALAREO focused on three different types of EO applications, namely, EO for land cover mapping, EO to directly support the work of the NMCPs and EO for epidemiological studies. Each of these applications have specific data characteristic requirements, as well as spatial coverage and data analysis techniques. The data used in this study are described below by application.
Earth observation data used for land cover mapping
For land cover mapping, data of the RapidEye satellites were used. This is a constellation of five identical satellites that collect data in 5 spectral bands, and was launched in August 2008. The sensors' ability to acquire data from several viewing angles allows imagery to be captured at one location on a daily basis (5.5 days at nadir) (Tyc et al., 2005) . The pixel resolution is 6.5 m, which the data provider resamples (Figure 2 ). The data were acquired in 2011 on 5 different dates (between 18 July and 10 November). Only one of the 62 tiles was acquired on 18/07/2011, while 61 tiles were acquired within a short period at the beginning of the rainy season, i.e. between the end of October and mid-November 2011. Hence, seasonal differences between the scenes were negligible.
Earth observation data for products supporting the national malaria control programmes
These products were developed with the aim of directly supporting NMCP managements. In addition to land cover information generated from HR data, VHR images can help to identify houses and small huts. The only already available VHR image sources are free image services such as Google Earth, Microsoft BingMaps or ESRI's World Imagery (ArcGIS Basemap Service). These were tested as an alternative to the cost-intensive VHR data for house mapping. Since additional VHR imagery was required for mapping houses and small huts, 850 km 2 VHR GeoEye-1 and IKONOS-2 (https://www.digitalglobe.com/) data were ordered via the ESA CSCDA. VHR imagery is cost-intensive, thus, only hotspot areas could be considered to be covered with VHR data for demonstration purposes. Three sites (Figure 1 ) of high relevance for the local malaria control activities were chosen to be assessed with VHR data: i) Mamfene in the Jozini local municipality, KwaZulu Natal, South Africa (covered by GeoEye-1 data; 0.5 m resolution in panchromatic); ii) Ponta do Ouro in the district of Matutuine, Maputo province, Mozambique (covered by IKONOS-2 data; 0.8 m spatial resolution in panchromatic); iii) Dwashini in the Hhohho District in Swaziland where an unexpected malaria outbreak occurred in April 2011 (covered by GeoEye-1 data; 0.5 m resolution in panchromatic).
Earth observation data used for malaria epidemiological studies
Low-resolution EO data were used to monitor environmental parameters as input for malaria incidence modelling. In this study, we used rainfall estimates (RFE) (temporal resolution: 10 days, spatial resolution: 8000 m) from the Famine Early Warning Systems Network ( 
Methodology
Figure 3 shows MALAREO's EO-based, geo-information product development concept. Based on the NMCP's user requirements surveyed at the beginning of the project, EO-based, geo-information products of high relevance for improved planning of integrated vector control were identified. An EO feasibility study was realized afterwards in order to define required input data, map products and required methodologies to be applied in order to fulfil these user requirements. Some of these EO-based geo-information products were used as intermediate inputs in conjunction with additional malaria cases or entomological data for the malaria incidence modelling as well as for statistical vector breeding site analysis. The following chapters describe the underlying methodologies for each EO product shown in Figure 3 .
Household mapping using very high resolution data
The integration of terrestrial geo-data into a computerised malaria control management system for spatio-temporal monitoring of indoor residual spraying (IRS) coverage, insecticide consumption and application rates has already been demonstrated in Mpumalanga, South Africa (Booman et al., 2003) . MALAREO aimed to expand this trend of geodata use by adding an EO component for malaria control. VHR images from GeoEye-1 and IKONOS-2 of the three demonstration sites ( Figure  1 ) were used to identify houses and small huts and to map their distri- bution in these rural areas. Information on the structure type, their amount and distribution, were deemed valuable for a more efficient IRS, which is the main vector control intervention in the study area (together with distribution of insecticide-treated bed nets). National malaria control programmes aim to reduce the indoor parasite transmission rate via IRS of used houses and huts at the beginning of the wet season. The IRS campaigns target full area coverage (even remote single huts) in order to minimize all sources of malaria transmission. Since the suitability of applied insecticides depends on the type of building, geo-information on building structure, type and distribution is helpful. In the study area, the form of the buildings is an indication for the building material used, whereby round structures are mostly clay huts with thatched roofs, and square buildings are often made of bricks with roofs of corrugated tin. With such spatial information on structure distribution, the amount and type of insecticides needed per area can be better estimated and the progress and status of IRS coverage by the trained spraying teams can be monitored.
Mapping of houses and huts by remote sensing is challenging in rural areas, since most of the structures are very small with varying shape (round or rectangular) and numerous roof types that are hard to distinguish from other material (e.g. reed roofs). Taubenböck et al. (2010) presented an approach for feature detection using VHR data in urban areas. However, a review of the literature showed that no image analysis approach exists, that is feasible for the detection of small houses and huts in rural Africa. Figure 4 shows an example of a VHR panchromatic GeoEye subset representing a homestead with various building types (round and rectangular) and demonstrating the very similar appearance of trees.
In this study, an approach for automated house/hut detection in rural African areas basing on VHR data was developed and tested. An objectbased image classification using geometric, topological and spectral features was applied. As a first step, the multispectral bands of the VHR images were resampled to the spatial resolution of the panchromatic (black and white) band. The images were afterwards segmented into image objects by using all bands in eCognition software (Trimble Geospatial Imaging, Munich, Germany). The image is thereby segmented into objects of spatially adjacent and spectrally similar groups of pixels. The segmentation parameters (scale, shape and compactness of image objects) were set in a way that the image features of interest (round and squared houses) were optimally matched and could be differentiated from objects of other non-relevant land cover features. A ruleset was finally defined using geometric parameters such as size and compactness of the objects, topological parameters such as distance to other image objects, spectral parameters such as brightness of the objects, the normalized difference vegetation index (NDVI) as well as thematic information on land cover in order to reduce misclassifications (see below). The NDVI was used in order to differentiate between reed roofs and trees which often showed similar shapes of image objects (Figures 4 and 5) . The final classifications of the three VHR images showed the spatial distribution of rectangular as well as round o n l y structures in the three demonstration sites. As a no-cost alternative, Bing Maps was also tested for its use in house mapping. All houses in the VHR sites were manually digitized in ArcGIS (Redlands, CA, USA), and the spatial coverage of VHR data from Bing Maps in these three areas was investigated. At the time, only VHR data for the Mamfene site in South Africa was integrated in Bing Maps. No VHR data were available for the other sites.
Land cover and wetland mapping using high resolution data
Previous studies already demonstrated that certain land cover types correspond with the occurrence of Anopheles mosquitos (Pope et al., 1994; Zeilhofer et al., 2007; Dambach et al., 2009) . The land cover in the MALAREO study area was assessed by HR RapidEye imagery, since this geo-information can be used directly by the NMCPs for vector control planning and as input for various studies on malaria incidence, vector habitat distribution and population density estimates. The major benefit of using data with 5 m spatial resolution is evident, given how malaria risk often varies within a short distance. For instance, even small water bodies play an important role as larval breeding sites for malaria vectors. RapidEye provides the high level of detail of the final land cover map, which benefits malaria incidence modelling and epidemiological studies in general. This was useful because the area had never been mapped at such high spatial detail before. Small water bodies are a direct indicator for malaria risk and the distance to water is a major factor when modelling malaria incidence. The higher the resolution of the data, the higher the number of small water bodies that can be detected. Since larval breeding is influenced by certain water body characteristics, temporally flooded wetlands, permanent standing and flowing water bodies were differentiated using HR data.
As a first step, a classification scheme is required that includes classes relevant to achieve the project aims. In total, 11 classes were considered of relevance to characterize the project area according to the conditions for the malaria vector and the pattern of human activities ( Table 1) . As a result, the classification followed a hybrid classification scheme between land cover and land use. In general, class definitions should be as simple as possible, in order to ensure the highest classification accuracies (class complexity vs. class accuracy) and to allow for rapid data processing.
The RapidEye data, mainly acquired in October and November 2011, were first preprocessed using a standardized atmospheric correction in ATCOR (Richter, 1997 was conducted applying an object-based image analysis with a predefined hierarchical rule-set in eCognition software. Object-based classification is often applied for HR/VHR imagery. For this type of data, a pixel-based approach causes a grainy appearance of classes over the scene due to single, isolated, class pixels. This effect can be significantly reduced by using object-based approaches. Since some LULC classes, defined in MALAREO, showed a high class complexity, manual classification steps were necessary (e.g. large-scale agriculture, subsistence farming, settlement/infrastructure and wetland). For instance, a temporally flooded wetland can be covered by water, by dense grass or have no vegetation cover at all, which results in wide differences in spectral signatures. These differences within a single land cover class cannot be accounted for by an automated ruleset and require logic that can only be exercised via manual assignment of an object. Although, by strict definition, wetlands include water bodies, this paper defines wetlands as only temporally-flooded wetlands. Water bodies are an independent, separate class.
Due to the fact that land cover was assessed using RapidEye data and image tiles from 5 different image acquisition dates (and that each of the 62 slightly overlapping image tiles were classified separately), differences between class objects could occur in the overlapping areas (e.g. due to differences in image segments between tiles). In order to create a seamless classification of the study area, classifications of the image tiles were ultimately fitted by applying a decision fusion approach to each sub-object within overlapping areas showing different class memberships. As a last step, an object-based accuracy assessment of the classification was completed, whereby 270 random image objects were visually interpreted by a project partner uninvolved in the primary classification procedure. The resulting reference land cover classes were compared to the image classification and accuracy metrics were calculated.
Distance to inland water and wetlands
Distance to water is a major determinant of malaria risk. On a local scale, vector densities around reservoirs depend on the distance from the water body and the suitability of the water body to act as a vector breeding habitat (Zeilhofer et al., 2007) . Besides the fact that anopheline mosquitoes can be displaced over long distances through various factors such as air travel (Tatem et al., 2006) , the natural flight range of anopheline mosquitoes is estimated at between 0.5 and 2.5 km from their breeding habitats (Russell and Santiago, 1934; Charlwood and Alecrim, 1989; Keiser et al., 2005; Zeilhofer et al., 2007) . As an input for modelling malaria incidence and mapping habitat foci, distance to inland water and distance to wetlands were assessed by calculating the Euclidean distance to the water and wetland layers derived from the HR land cover classification. The Euclidean distance is simply defined as the shortest straight line distance between two points.
Population density estimates
When modelling the spatial distribution and spread of malaria, accurate and detailed information on population distribution and population density is of significant importance. The AfriPop project, launched in July 2009, was initiated with the aim of producing a detailed and freely-available population distribution map for the whole of Africa (http://www.afripop.org). AfriPop has therefore constructed a GISlinked database with census and official population data. Population count data were combined with detailed, satellite-derived settlement extents to map population distributions across Africa at a finer spatial resolution than ever before (Linard et al., 2012) . These settlement extents were used to refine existing land cover data sets such as GlobCover (ESA) (http://due.esrin.esa.int/page_globcover.php), providing significantly improved gridded population datasets across large areas through redistribution of population figures from census and using land cover-based weightings (Tatem et al., 2007; Linard et al., 2010) . In MALAREO, a spatially enhanced and updated AfriPop dataset was generated for the study area (Deleu et al., 2015) . The HR land cover/use classification allowed a detailed identification of human settlements, particularly of small homesteads in the rural area. The MALAREO settlement extents were used to generate an enhanced and updated version of the AfriPop dataset for the project area with improved spatial detail. The enhanced AfriPop dataset is based on the HR land cover map, census data of 2007 and UN urban/rural growth rates for 2011.
Habitat foci map
Transmission of malaria takes place in the spatial intersection of the vector habitat and the human habitat. Geo-information on these habitat foci allows identifying priority areas for malaria control interventions such as integrated vector management. The population density in proximity to potential vector breeding sites (inland water bodies and wetlands) was therefore analysed by considering the enhanced MALAREO AfriPop data in relation to distance to inland water bodies and wetlands, as given by the HR land cover map. The flight range of anopheline mosquitoes has been estimated at between 0.5 and 2.5 km from their breeding habitats (Russell and Santiago, 1934; Charlwood and Alecrim, 1989; Keiser et al., 2005; Zeilhofer et al., 2007) . The maximum distance displayed in a habitat foci map is adjustable. As a result, this study created multiple habitat foci maps with maximum distance ranging from 0.5 to 2.5 km.
Malaria incidence modelling and vector breeding site analysis
The products described in this paper supported further epidemiological and entomological studies. These included Bayesian modelling for malaria incidence prediction using malaria case data, as well as modelling of potential vector breeding sites and the identification of environmental factors that influence the occurrence of larvae (Dlamini et al., 2015) .
Results
A number of maps were produced by the study. The final VHR and HR geo-information products generated in MALAREO can all be freely accessed upon request for further use. Figure 6 shows an example of the results of the developed house detection approach for the Mamfene test site (ZA). The map shows the distribution of building types in the area with statistical information on type of structure per km 2 . These data were made available as GIS layers for the NMCPs. Representatives of 6 southern African countries were trained by MALAREO to use these data in a GIS environment (QGIS), to improve the planning of bed nets distribution and IRS (full area coverage and estimation of required insecticides), and monitoring of their campaign progress. These data were generated for all three VHR sites. Due to the lack of independent reference data on structure type and distribution for a quantitative accuracy assessment, only a qualitative assessment of the accuracy was possible. Due to the integration of land cover information in the classification process, a high level of spatial accuracy and precision of the structure type classification could be achieved and only few false positives were found outside of settle- A slight over-detection of structures inside of homesteads was observed, since some other infrastructure features were identified as buildings. In terms of thematic accuracy, a non-systematic confusion between round and rectangular houses was partly observed, which suggests general validity of the statistical figures on structure types per area. Table 2 lists the spatial statistics on structure types per area for the VHR test sites as a basis for insecticide consumption estimation and number of required bed nets.
Very high resolution household maps
In assessing the cost-free data alternative, spatial coverage of VHR data in Bing Maps was only sufficient in the Mamfene study area. As a result, an additional site at the boarder triangle between Mozambique, Swaziland and South Africa (Naamacha) was mapped in order to assess labour intensity of this manual mapping approach. Depending on the site, digitizing structures using BingMaps in ArcGIS took about 6.2 and 10.3 min per km 2 for an experienced image interpreter. These no-cost/low-cost data sources have some benefits and limitations. Whereas their major benefit is the cost-effectiveness, their limitation is low spatial coverage and partial lack of metadata, like the date of acquisition. However, these free data sources are constantly being updated to improve coverage and are already an alternative image source for some EO applications. However, the current VHR image coverage of these free image sources only sparsely cover rural areas of Africa, which means that these data sources are not yet suitable to support malaria control. Another limitation of the use of such no-cost/lowArticle [Geospatial Health 2015; 10:335] [page 125] cost data sources is that only manual digitizing of relevant land cover features is possible, which increases personnel costs.
High resolution land cover and wetland maps Figure 7 shows a subset of the 2011 LULC map based on HR RapidEye data. The map's spatial detail allowed for detection of smallscale LULC features which could substantially improve epidemiological modelling and malaria control management. The accuracy of the land cover map was assessed by a stratified random sampling approach. The results of the accuracy assessment showed an overall accuracy of 80.7% for the land cover classification, with a kappa index of 0.78. The malaria-relevant classes flowing water and large-scale agriculture demonstrate the highest accuracies (100%). Average user's accuracy was 85.2%. The grassland/savannah class was the least accurate class, with 68.1% accuracy. This is expected to be mainly due to confusion with the class bush-/shrub land, and by the continuous transition of these land covers in the area. This class confusion substantially decreased the overall accuracy of the land cover classification, since most of the other classes showed higher accuracies than 80%. Table 3 shows the land cover statistics in the study area, which is dominated by forest/woodland, bush-/shrub land and grassland/savannah.
The wetland map of the whole study area is displayed in Figure 8 . Due to the high spatial resolution of the RapidEye data, even small wetlands could be identified that could act as vector breeding sites. In total, 3046 standing water bodies and 10,503 non-permanently flooded wetlands were identified. This layer was used as input for the distance to wetland calculation, modelling of malaria incidence (Giardina et al., 2015) , habitat foci mapping and assessment of potential vector breeding sites (Dlamini et al., 2015) .
Distance to inland water and wetlands
The Euclidian distance to inland water (standing and flowing water) and the distance to wetlands were calculated for the study area as input for the modelling of malaria incidence, since distance to potential breeding sites is a major determinant. Figure 9 shows the distance to inland water map (in meters).
Enhanced AfriPop population density map
The AfriPop approach was applied in MALAREO by the use of the HR land cover map and census data of 2007, whereby the UN urban/rural growth rates for 2011 were additionally considered in order to account for recent population trends (Deleu et al., 2015) . The result was a spatially enhanced and updated AfriPop dataset for the study area. habitat and human habitat was investigated using the inland water bodies and wetland layer, and the enhanced, updated AfriPop data. The area of intersection was determined by applying various distances from wetlands within the flight range of the anopheline mosquitoes, resulting in different habitat foci maps. Figure 10 shows the population density within a 1km buffer to major inland water bodies as identified with RapidEye imagery. This analysis showed that about 1.78 million people live in the study area, of which 28% (0.47 million) live within a 1 km distance to major inland water bodies. The habitat foci map indicates priority areas for malaria control interventions.
Habitat foci map
Discussion
The key technology required to support the malaria vector control and management programmes, as well as malaria epidemiology through EO products, is the range of existing satellites. In the past, EO sensor abilities limited the use of EO data in epidemiology and disease control. However, today there are numerous sensors with improved spatial, temporal and spectral characteristics, and multiple missions are planned to launch additional, high-performance sensors into space.
The combination of remote sensing and GIS has strengthened the opportunities for disease surveillance, control and early warning. The results demonstrate the potential of HR geo-information for the improvement and support of malaria control management and epidemiological studies. Although the ability to enhance malaria control through GIS-based management systems has already been demonstrated (Booman et al., 2003) , this project added additional HR and VHR EO components.
Low performance of the EO sensors available in the past, high data costs and long product turnaround times, as well as previous remote sensing data or statistical models with low spatial resolution, meant studies were only carried out in small areas with impractical time frames for updates. The last few decades have shown a substantial increase in potential EO approaches and knowledge regarding environmental parameters that influence spatial and temporal disease risk patterns. In 1998, Hay et al. provided an excellent review of earlier available remote sensing techniques for malaria epidemiology that can now be compared with today's technologies. The current and future range of satellite systems enables the development of new and innovative EO services for health applications (Rogers et al., 2002; Ceccato et al., 2005) . As demonstrated in MALAREO with HR and VHR data, the spatial detail of disease risk and their environmental factors could be With the use of HR data at a national scale and with frequently scheduled monitoring, such geo-information products can directly support the health sector in Africa.
Users from the NMCPs in the study area were involved in the development of these products by defining their requirements. All final products were provided for integration in their working environment and management systems. Besides the development and provision of these EO products, a major issue is the capacity development in the NMCPs that is required to ensure that this geo-information can be used effectively. Therefore, apart from teaching local staff the processes behind EO product development, a major requirement is to provide training in the use of GIS, geostatistics and how to interpret EO products. In MALAREO, three workshops were held for end users of the NMCPs of southern African countries with the aim of transferring knowledge, whereby feasibility in terms of data, methodologies, financial resources, hard-and software and improvement of the existing systems/methods (using open-sources software) were taken into account. In general, the overall future approach should combine user requirements, existing capacity and funding strategies to develop long-term perspectives.
EO data costs are another factor in determining the sustainability of remotely sensed data in malaria control. Low to medium resolution data are available free of charge and can already be used for some disease-related applications. (http://www.esa.int/) have a free and open data policy (ESA and the European Commission), which will further encourage the use of EO techniques in the health sector.
Handling and processing vast amounts of HR data requires a high level of automization. Standardized, reliable and timely geo-information must be derived from EO data that can be integrated in spatial decision support systems (SDSS). Such systems should be developed in order to extend EO capacity into operational disease surveillance, control and early warning with a generic focus on resource-poor environments and architectures. Kelly et al. (2012) and Shaw (2012) have requested further development, validation and sustainable implementation of SDSS tools in operational disease control. The operationalization of the service generation within a SDSS will be a key for providing up-to-date information on disease risk. This project provided a range of EO-based geo-information products for vector control and management as well as malaria epidemiology, helping to better understand malariarelated environmental factors and directly support malaria control management. Through targeted capacity development, the use of the project results could be sustained beyond the project duration. Monitoring techniques such as those demonstrated in MALAREO need to be disseminated among the funding agencies supporting the NMCPs and among malaria control managers, in order to raise awareness of new opportunities to improve malaria eradication efforts.
Conclusions
The monitoring applications developed in the MALAREO project added a HR EO component to existing malaria control strategies in southern Africa. Earth observation monitoring approaches were designed to meet the user needs of the NMCPs in South Africa, Swaziland and Mozambique, and the technical know-how needed was developed, resulting in the introduction of open-source GIS and the use of the MALAREO EO products. The outcomes of the project have high potential for operationalization, transferability to other countries and replicability for studies on other environmental related diseases. High resolution data from the Sentinel mission will continue to advance the use of EO techniques in malaria control and epidemiology, through its improved technical capabilities as well as free and open data policy. With this emerging suitable satellite technology, further efforts are necessary to raise awareness among decision-makers concerning EO benefits, and ultimately establishing EO as a ubiquitous tool for malaria monitoring. 
